This paper addresses the task assignment and path planning problem of multiple UAVs. As one of the strategies for a SEAD(Suppressions of Enemy Air Defense) mission, an efficiency strategy for assignment and path planning of homogeneous UAVs is developed. There are many path planning methods (e.g. potential function method or probabilistic roadmap method) to avoid obstacles, but the Voronoi diagram is used for the path planning with avoiding the "No fly zones" in this study. Since several candidate-paths are needed to solve the problem of timing constraints, the flyable paths in the shape of net is generated by using Voronoi diagram and multiple paths are found as the candidate paths from each UAV to each target. The objective function is determined as accumulated sum of the required time to finish the tasks on each target and the optimization is achieved by using genetic algorithm with appropriate representation of chromosome and genetic operators. 
I. Introduction
OOPERATIVE control of multiple unmanned aerial vehicles(UAVs) and/or unmanned combat aerial vehicles(UCAVs) has been an emerging issue for future applications to sophisticated military missions. In particular, various new concepts using UAVs for challenging missions are under active investigation. In the scenarios of some special military missions such as WASD(Wide Area Search and Destroy), ISR (Intelligence Surveillance and Reconnaissance) and SEAD(Suppression of Enemy Air Defense), cooperation of multiple UAVs as a team is a key issue to accomplish the missions, and for effective use of multiple UAVs, task assignment and path planning is a crucial step before actual operation. In this paper, we discuss cooperative task assignment and path planning of multiple UAVs for SEAD mission.
The main purpose of SEAD mission is attacking ground targets using multiple UAVs and further constraints can be added to this problem according to circumstances. For example, avoiding the "No Fly Zones" 1 with simultaneous arrival at the target location or sequential tasks (such as detection, destruction, and verification on one target) on each target can be required. 
. Typical Scenarios of SEAD mission
In the type A scenario of Figure 1 (a), the primary information of the terrain such as the locations of targets, obstacles and dangerous areas are assumed to be already known. The 'obstacles' means physical obstacles such as buildings and mountains, and the 'dangerous areas' are determined by the threats such as radars which can detect UAVs. These dangerous areas and obstacles are classified as "No Fly Zones". Since the targets, which we are interested in, are actually fixed on the ground or moving very slowly, it can be assumed to be stationary.
In another type of SEAD mission, it is assumed that the targets are moving on the ground and the locations of the targets are unknown. As the mission is in progress, information about the targets is updated and shared with every member in the team. Sometimes UAV team has to accomplish sequential tasks, such as detection, attack and verification of destruction, on each target. In this scenario, a cooperative ground moving target engagement (CGMTE) 2 problem has to be solved. Since the primary information of the terrain is unknown, it is assumed that there is not "No Fly Zones" in the planning level of task assignment. The detailed assumptions and description of this scenario are presented in [2] .
In this study, the first scenario (Type A) is used and there is an additional constraint. On each target, more than one aircraft has to be assigned. The UAVs assigned to same target should make rendezvous at the target location for simultaneous attack or should arrive sequentially to achieve consecutive multiple tasks. In this paper, this constraint for the rendezvous or sequential arrival at the target location is named as 'timing constraint'.
C
The task assignment problem of the multiple UAVs for SEAD mission is addressed in many papers. The task assignment problem of type B scenario is solved by using GA in [2] , [3] and using MILP in [4] . The heterogeneous multiple UAVs, which have different roles, are assigned to the way points by using MILP in [1] .
There are many methods (e.g. potential function method or probabilistic roadmap method) for path planning to avoid obstacles and dangerous region, but Voronoi diagram is used for the path planning with avoiding the "No Fly Zones", in this study. Since several candidate paths are needed to solve the timing constraints, the flyable paths in the shape of net are generated by using Voronoi diagram or visibility graph, and so-called k-shortest paths are found as the candidate paths from each UAV to each target. Path planning of multiple UAVs using Voronoi diagram and the k-shortest path search algorithm have been discussed in previous papers [5] [6] [7] . But these papers didn't deal with grouping and tasks assignment problem. In our work, the objective function is determined as the accumulated sum of the required time to finish tasks on all targets, and the optimal solution of grouping and assignment problem is founded by using GA with appropriate representation of chromosomes.
This paper organized as follows: chapter II provides the primary strategy before using the GA. In chapter III, genetic algorithm formulation is given. Chapter IV shows simulation results, and the conclusions are presented in the chapter V.
II. Preparation for Genetic Algorithm

A. Problem Description
In the scenario of this study, it is assumed that the primary information of the terrain is initially given. We know the location of targets, physical obstacles and threats. There are T N targets and U N UAVs starting from different locations. Each team assigned i-th target has to be made up of i n UAVs. The number of UAVs in each team, i n , is predetermined. Except the team which has single member, all members in each team have to make a rendezvous at the target location for simultaneous attack or have to arrive sequentially to achieve consecutive multiple tasks such as classification of target, attack and verification of destruction. Therefore, some constraints named as timing constraints for rendezvous or sequential arrival are required and this constraints originate from available speed range of the UAVs, min
. In case of consecutive multiple tasks, the time intervals between the tasks are predetermined also. The available speed range of UAVs can be different from each other, but mission capabilities, such as capability of detection or destruction, of UAVs are all same. That means every UAV is equipped with same sensors for detection or munitions for destruction, and there is no UAV which has to be assigned to a specific mission.
B. Candidate paths for Genetic Algorithm
To satisfy the timing constraints, not only optimal path but also several candidate paths from each UAV to each target are needed. There are many methods for path planning with obstacle avoidance, but most of them cannot find multiple paths. A few useful methods are proposed to find multiple paths in previous papers. In [4] , potential field method is used to find multiple candidate paths for timing constraint in SEAD mission. Hence, in general, the multiple paths found by using this potential method have similar lengths. It is obvious that various path lengths are more profitable to find the feasible assignment satisfying the timing constraints. As it mentioned in [4] , since the Voronoi diagram generates paths in the shape of net, we can find many candidate paths having more various lengths. An example of Voronoi diagram and six candidate paths are shown in Figure 2 .
Voronoi diagram is used to find multiple candidate paths avoiding dangerous region of threats such as radars in [5] ~ [7] . However, with only conventional Voronoi diagram, it is not proper to find the appropriate paths avoiding physical obstacles. On the other hand, visibility graph method can design paths to avoid physical obstacles properly, and it also provides multiple candidate paths. But visibility graph method is not proper to find the path avoiding the No Fly Zones which have not specific shapes. To make up the week points of each method, hybrid algorithms of visibility graphs and Voronoi diagram are proposed in [8] and [9] . The point is that multiple candidate paths with various path lengths are needed for the GA formulation. Since Voronoi diagram or hybrid algorithms provide the paths in the shape of net, the multiple candidate paths having various lengths can be easily found by using the algorithm for the K-shortest path finding problem of [10] . 
III. Genetic Algorithm Formulation
The main reason why GA is used in this problem is that the GA is not restricted to continuity, differentiability and uni-modality of searching domain and GA is a very powerful method to solve not only a optimization of a polynomial cost function but also a combinatorial optimization problems. In this chapter, a grouping and assignment problem of multiple UAVs is formulated as a combinatorial optimization problem.
A. Chromosome Representation
To make this problem simple, let us assume that the total number of available UAVs is equal to the total number of tasks. This case can be expressed as Equation (1).
An example of a solution which is expressed as a chromosome is given in Table 1 . In this situation, there are three targets, and six UAVs are available. And each group made of two UAVs has to be assigned to each target. The chromosome represented as Table 1 means UAV1 is assigned to the Target1 and 2 nd path of UAV1 is selected among P N candidate paths. Similarly, UAV3 is assigned to the Target2 and 1 st path is selected. The first team, which is assigned to Target1, has two members, UAV1 and UAV2. As the second team, UAV3 and UAV6 are assigned to Target2, and third team assigned to Target3 consists of UAV4 and UAV5. The chromosome representations in similar form are used in [2] , [3] . However, the circumstances and objectives of the mission are different from our work, and naturally, the problem formulation is also different. To solve the problem formulated in our work, we modified the representation of [2] , [3] . For GA operation, the number of candidate paths of each UAV to go each target, P N , is same. Without any constraints, the upper bound on the number of feasible representation of chromosome is given as Equation (2) .
Where, the upper bound on the number of feasible assignment, fa N , is determined by Equation (3).
Let us think about the chromosome representation when the number of available UAVs in the mission is not equal to the total number of all tasks. If the Equation (4) is satisfied, the chromosome representation is basically same, but we have to choose some UAVs which will not be assigned to any target.
The example of chromosome representation is given in Table 2 . In this case, we have six available UAVs, but the total number of all tasks is five. The chromosome of Table 2 means UAV4 is selected at random to be excluded in the mission. If the total number of available UAVs is smaller than the total number of tasks, some UAVs have to be assigned to more than two targets and this case is named as 'double assignment' in our work. This situation is expressed as Equation (5) and an example of a chromosome is given in Table 3 . The chromosome of table 3 represents that UAV2 is assigned to Target3 and Target2. The UAV2 should go to the location of Target2 after a task at Target3. The UAVs, which are assigned to more than two targets, are selected at random. According to this example, the UAV2 will use the 1 st candidate path among P N candidate paths, which were founded to go to Target2 from Target3.
B. Constraints
In order to satisfy the requirements and maximize the team abilities to accomplish entire mission, there are two constraints which have to be considered.
1) Timing constraint
For simultaneous attack or sequential tasks on each target, timing constraint is needed. Once grouping has been done and a path from each UAV to each target has been selected, required time for arrival can be estimated. For each UAV, after the target is assigned and path is selected, the TOT (time over target) 2 can be computed and we can select best TOT for each team. Since this assignment and path planning are in the highest level of mission operation, the TOT can be simply calculated as Equation (6).
where, the subscript k should satisfy i k G ∈ , and
, , ,
In case of rendezvous, the best TOT of each team, TOT *, can be determined as Equation (7).
where, the i TOT is given in Equation (8) and (9) 1 2 , , ,
Therefore, the timing constraint can be given as that the * TOT determined by Equation (7)~(9) has to exist. We can describe this procedure for * TOT determination by using TOT range plot. For example, if the first team for a simultaneous attack on Target1 consists of three UAVs as we can see in Table 4 , the TOT range can be plotted as Figure 3 and we can determine the 1 * TOT by using the plot. 
Figure 3. TOT range example (Rendezvous case)
To apply the timing constraint to consecutive multiple tasks, it is possible to make the timing constraints more general. For this case, let 1 n n t − → be the time interval between (n-1)-th task and n-th task on same target as described in ( )
Then, we can determine the set of TOT ′ by using Equation (11) . It is slightly different from the TOT set of Equation (9) . 
The best TOT , * TOT , can be determined as Equation (12) .
where, 1 2 , , ,
Therefore, the timing constraint can be given as that the * TOT determined by Equation (12) has to exist, and one more condition, which is given in Equation (14), is needed for consecutive multiple tasks. 
For example, let's assume that the same team with the team of Table2 is assigned to Target1, and the multiple tasks on Target1 are given as follows.
t → = )
Task1 and Task2 have to be achieved at one time and Task 3 has to be completed 60second after Task1 and Task2. In this case, the TOT range plot can be given as Figure 5 , and we can determine the 1 * TOT , which satisfy the given condition, from the plot. 2) Path constraint The purpose of simultaneous attack is to disturb the defense system of a target and improve the success rate to destruct. For this purpose, more than two UAVs have to arrive at a target location simultaneously, and the approach directions of UAVs should not be same. This constraint is named as 'path constraints' in our study. But path constraint is applied to only rendezvous case.
C. Genetic Operators
As genetic operators, reproduction, cross over, mutation, inversion and elitism are used. And a repair algorithm is needed to handle timing and path constraints. In GA operations, a set of assigned target number and selected path number of each UAV is acting as a gene.
1) Reproduction, Elitism
The basic rules of reproduction and elitism are same with other genetic algorithm. The cost, J , of this problem is determined as accumulated sum of time to finish the tasks at all target locations.
where, i T is required time to finish the tasks at i-th target. In case of a simultaneous attack, i T is the required time to finish only an attack, but in case that the consecutive tasks have to be accomplished, i T is the required time to finish the final task at the location of i-th target. In reproduction, the fitness function, f , is calculated as given in Equation (15), and the scaling window method is used for scaling of fitness.
2) Crossover Since this problem is formulated as a kind of combinatorial optimization problem, a chromosome can be changed into infeasible one by using a general crossover operator. For example, with the two parents of Table 5 , two offspring chromosomes of Table 6 are made by the conventional crossover operator 
The crossover cut is located between the third and fourth genes in the parent chromosomes. In the offspring chromosome of Table 6 (a), the first team assigned to Target1 has three members, UAV1, UAV2 and UAV4, and in the offspring chromosome of Table 6 (b), the third team assigned to Target3 has three members, UAV3, UAV4 and UAV5. The team size for each target is changed by the crossover and these are not feasible assignments. Therefore, a different crossover operator is required.
To preserve the validity of the assignment, the crossover operators used in TSP(Traveling Salesman Problem) can be used. In GA for TSP, PMX (Partially Matched Crossover), OX (Order Crossover) and CX (Cycle Crossover) can be used instead of conventional crossover operator 11 . Instead of symbols of the cities in TSP, target numbers are used. However, it seems still incompatible to use the crossover operator of TSP because the target numbers are repeated in one chromosome. To overcome this problem, target numbers are changed as we can see in Table 7 
where, k is original target number and m is the number of k which exist in front genes. After this modification, we can use PMX, OX or CX. In our work, CX is used as crossover operator. We can see how CX works in Table 8 . In case that the total number of available UAVs is not equal to the total number of tasks, the crossover operator works as we can see in Table 9 and 10. The ID numbers of UAVs and the first gene are transmitted to same offspring chromosome. After crossover, the feasibility of each team formation has to be checked. The same UAV cannot exist in one team. For example, if one of offspring chromosomes is given as Table 11 (a), the UAV2 is assigned to Target3 twice and it is not feasible formation. Therefore, the UAV2 is changed into randomly selected UAV which are not assigned to Target3 as we can see in Table 11 (b). 3) Mutation The basic rules of mutation operation are same with a simple genetic algorithm. In our work, however, only the path number of a selected gene can be changed at random as it is shown in Table 12 . 
4) Inversion
Since only the path number is changed by using the mutation, we use the inversion operator. In inversion operation, two inversion cuts have to be selected at random. For example, if the first inversion cut is located between 2 nd and 3 rd gene, and second inversion cut is located behind of 6 th gene in the chromosome of Table 10 (a), the chromosome is changed as Table 13(b) by inversion operation. If the total number of available UAVs in the mission is smaller than the total number of tasks, the inversion operator works as follows. The chromosome representation is changed as we can see in Table 14 . The number of genes is six in the chromosome of 
Instead of inversion, insertion mutation or reciprocal mutation can be used. However, a simple mutation is still required since a set of selected path number and a target number will never be changed without a simple mutation.
D. Repair algorithm
In this section, a repair algorithm is addressed to satisfy timing constraint and path constraint. First of all, we can use the timing constraint in different way sometimes. If we change a cost function using Equation (18), GA can work without timing constraint. After the optimal solution is found, the timing constraint can be satisfied by using delayed departure of UAVs, except the UAV which will arrive last. The delay time of departure can be obtained by using the TOT range plotting.
( )
This method can be applied to some missions that are relatively simple. However, in case that the UAVs have to depart at one time or path constraint is required, repair algorithm is needed. The repair algorithm is applied on the assumption that the team formations are feasible, so only path numbers can be changed by the repair algorithm. The path number of the UAV, which can arrive at the target first, will be changed first because the TOT . For ith team, on the assumption that i G satisfy the equation (10), the algorithm to change the path number is described in Figure 6 . This algorithm is developed for MATAB programming.
Figure 6. Path number changing algorithm as a repair algorithm
As we can see in Figure 6 , path number set of UAVs in a team is changed into every possible combination until the constraints are satisfied. If there is not any possible combination which can satisfy constraints, the chromosome has to be excluded from the population. Because it means that the target assignment of the chromosome is not feasible. To supplement the current population, reinsertion operation can be used.
IV. Simulation Results
In this section, a simulation study for sample SEAD scenarios is presented. For the mission conditions of 6 UAVs departing from different sites, three targets and 32 threats with their positions are given initially. For each UAV, the available speed range is given as ( )
. On the assumption that there is no physical obstacle, only Voronoi diagram is used to generate the paths in the shape of net. Because the purpose of our study is to find the optimal assignment which can satisfy the constraints, which method is used to generate the paths is not our concern. Voronoi diagram for our simulation and the candidate paths from the start position of UAV1 to Target3 are shown in Figure 7 . In our simulation, eight candidate paths are used for each UAV to go to the location of each
n -k) = path_order(k, temp) end end end count2 = 0 while ((count2 <= P i N n ) and (conditions are not satisfied)) count2 = count2 + 1 for k =1 : i n path number of UAV( k g ) = path_assign(count,k) end if constraints are satisfied target. Considering the trajectory tracking performance, we didn't select the candidate paths which have too sharp corner. 
Figure 7. Voronoi diagram and Candidate paths
The simulation results for two cases are addressed in this section. The simulation conditions of two cases are given in Table 16 . 
3 (for 1, 2,3) For the case 1, three targets are given and each team has two members to attack each target simultaneously, and timing constraint and path constraint is used for simultaneous attack. The GA parameters of the simulation study in this case are given as follows, and one of the optimal solutions is shown in Table 17 . The trajectory tracking results using the optimal assignment of Table 17 is shown in Figure 8 . In trajectory generation, NMPC(Nonlinear Model Predictive Control) method is used. We can see that the rendezvous mission of each team is achieved successfully from figure 9. A Monte Carlo simulation, consisting of 100 runs, is used to study the convergence performance. In each run, maximum number of iteration (= maximum number of generations) is limited as 1000 times. As we can see in Figure 10 , there are 4 cases, in which GA conversed to local minimum, of failure in finding the optimal solution during 100 times runs. And the averaged convergence performance of minimum cost in each generation is shown in Figure 11 . In second case, three targets are given and each team has three members. Simultaneous attack by two UAVs and verification of destruction by one UAV are given as consecutive multiple tasks on each target. But the number of available UAVs is still six, therefore, this case needs the double assignment. The GA parameters of the simulation for this case study are given as follows and one of the optimal solutions is shown in Table 18 . The trajectory tracking results are shown in Figure 12 and 13. In the results, the UAVs, which are assigned to more than two target, are UAV5, UAV3 and UAV6. The UAV5 is assigned to second team for simultaneous attack on Target2 and also assigned to first team for destruction verification of Target1. Each UAV, which is assigned to verification of destruction, arrives at the target location 500 second after the simultaneous attack by the other members of the team. In this case also, a Monte Carlo simulation, consisting of 100 runs, is used to study the convergence performance. The convergence results of Monte Carlo simulation are given as Figure 14 and 15. The GA is converged to local minimum in 14 cases as we can see in Figure 14 . The averaged convergence performance of minimum cost in each generation is shown in Figure 15 . 
V. Conclusion
A grouping and assignment problem of SEAD mission using multiple UAVs is formulated as a new combinatorial optimization problem, and GA is used to solve. According to the scenario which is dealt in this study, the multiple fixed targets are located on the ground and the locations of the targets are initially given. To avoid the "No fly zones" determined by threats and obstacles Voronoi diagram is used. Multiple candidate paths are generated for the optimization with GA. For various conditions of the mission, timing constraints and path constraints are formulated and a repair algorithm is presented. The modified GA operations are purposed to maintain the feasibility of populations.
Two cases are studied by Monte Carlo simulation and the planned assignment and path, which are given by the optimal solution, are verified by using NMPC. As the first case, grouping and assignment problem with constraints is solved on condition that the total number of available UAVs is equal to the number of tasks. In the second case, the number of UAV participating in the mission is less than the total number of tasks, and the problem is solved by assigning some UAVs to more than two targets with time intervals. In each case, the GA gives feasible optimal solutions and has noticeable performance.
